Estimating gross primary production (GPP) and net primary production (NPP) are significant important in studying carbon cycles. Using models driven by multi-source and multi-scale data is a promising approach to estimate GPP and NPP at regional and global scales. With a focus on data that are openly accessible, this paper presents a GPP and NPP model driven by remotely sensed data and meteorological data with spatial resolutions varying from 30 m to 0.25 degree and temporal resolutions ranging from 3 hours to 1 month, by integrating remote sensing techniques and eco-physiological process theories. Our model is also designed as part of the Multi-source data Synergized Quantitative (MuSyQ) Remote Sensing Production System. In the presented MuSyQ-NPP algorithm, daily GPP for a 10-day period was calculated as a product of incident photosynthetically active radiation (PAR) and its fraction absorbed by vegetation (FPAR) using a light use efficiency (LUE) model. The autotrophic respiration (Ra) was determined using eco-physiological process theories and the daily NPP was obtained as the balance between GPP and Ra. To test its feasibility at regional scales, our model was performed in an arid and semi-arid region of Heihe River Basin, China to generate daily GPP and NPP during the growing season of 2012. The results indicated that both GPP and NPP exhibit clear spatial and temporal patterns in their distribution over Heihe River Basin during the growing season due to the temperature, water and solar influx conditions. After validated against ground-based measurements, MODIS GPP product (MOD17A2H) and results reported in recent literature, we found the MuSyQ-NPP algorithm could yield an RMSE of 2.973 gC m -2 d -1 and an R of 0.842 when compared with ground-based GPP while an RMSE of 8.010 gC m -2 d -1 and an R of 0.682 can be achieved for MODIS GPP, the estimated NPP values were also well within the range of previous literature, which proved the reliability of our modelling results. This research suggested that the utilization of multi-source data with various scales would help to the PLOS ONE |
Introduction
Gross primary production (GPP) and Net primary production (NPP), which represent the gross carbon fixation and the net carbon input from atmosphere to terrestrial vegetation, play crucial roles in the terrestrial carbon cycle [1, 2] . They also serve as key indicators in the evaluation of patterns, dynamics, and processes of terrestrial ecosystem [3] . Therefore, reliable acquisition of GPP and NPP have been considered as indispensable prerequisites for numerous ecological issues. Traditionally, GPP and NPP have been focused on field-based observations of specific species at individual sites, which are usually time consuming and laborious [4, 5] . Additionally, it should be noted that these measurements are difficult to extend to large scales due to mismatches between the relatively sparse observations and the spatial heterogeneous [6] . The development of remote sensing has by far improved the ability to study and understand ecosystems with enhanced accuracy [7] . Remote sensing techniques can provide an invaluable opportunity to improve the estimation of GPP and NPP at regional and global scales in a cost effective, efficient and accurate way at multi-spatial and temporal scales [8] [9] [10] [11] .
Numerous techniques have been developed to estimate GPP and NPP at both regional and global scales during the past several decades: (i) climate productivity models based on relationships between GPP/NPP and climate factors, e.g., Miami model, Thornthwaite Memorial model [12] , and Chikugo model [13] , etc; (ii) light use efficiency (LUE) models established according to resource balance, e.g., Carnegie, Ames, Stanford Approach (CASA) [14] , GLObal Production Efficiency Model (GLO-PEM) [15] , and Vegetation Photosynthesis Model (VPM) [16] , etc; and (iii) models on the basis of eco-physiological process theories, e.g., CENTURY [17] , Terrestrial Ecosystem Model (TEM) [18] , and Biome BioGeochemical Cycle (Biome-BGC) model [19] , etc. Each group of these models has its advantages and limitations: climate productivity models are well-known for their simplicity while neglect some complex ecological processes as well as the influence of carbon dioxide, soil moisture and nutrient conditions [20] ; LUE models take advantage of remotely sensed data, especially when used at regional or global scales, however, these models cannot reflect some critical ecological processes [21] ; eco-physiological process models are established based on currently known ecological and biophysical process theories but are restricted by their high complex and large computational demands. Additionally, some input parameters of these process based models are usually difficult to determine [22] . To tackle the limitations mentioned above, models integrated remote sensing techniques with eco-physiological process theories have been developed these years [23, 24] . These integrated models occupy the advantages of LUE models and eco-physiological process theories and have been used in both regional and global scales with enhanced reliability and feasibility due to the suitability of remote sensing technology for large scale mapping and the advantage of process models in capturing eco-physiological characteristics [21, 25, 26] .
Typically, there are two ways to combine remote sensing techniques and process models together. One effective approach is to exploit remotely sensed Leaf Area Index (LAI) to combine simplified process models with LUE models, another way is to utilize remotely sensed LAI as an input of a process model. The former is represented by the MODIS GPP/NPP (MOD17A2/A3) algorithm [27] and the latter is represented by the Boreal Ecosystem Productivity Simulator (BEPS) model [1, 23] . MODIS GPP/NPP algorithm calculates GPP using a LUE approach with inputs of MODIS LAI and Fraction of Photosynthetically Active Radiation (FPAR) (MOD15A2), land cover categories (MOD12Q1) and meteorological data from NASA's Global Modeling and Assimilation Office (GMAO). Maintenance and growth respiration components are derived with biomass, annual growth of plant tissues and LAI by incorporating parameters described in the Biome-BGC model, and NPP is obtained by subtracting maintenance and growth respiration items from GPP. BEPS model deploys the theory of FOR-EST BioGeochemical Cycle (FOREST-BGC) model [28] to quantify biophysical processes and considers remotely sensed LAI and land cover categories as model inputs. Together with meteorological and soil data, BEPS can derive daily or annual NPP.
Although different methods have been performed to generate GPP and NPP at various spatial and temporal scales in former studies [29] [30] [31] . We only consider two of the most typically and widely used models, CASA model and MODIS GPP/NPP algorithm, this time. Both of these models have been successfully used in many cases [32, 33] . However, it should be noted that CASA model utilizes a biome-independent potential LUE of 0.389 gC MJ -1 in estimating global terrestrial NPP [14] while potential LUE varies with biome types actually [15, 34] . Additionally, NPP is directly related to the absorbed photosynthetically active radiation (APAR) through LUE in CASA model, which may be inadequate to characterize the respiration items influenced by individual size. As for MODIS GPP/NPP algorithm, it should be noted that daily MODIS Net Photosynthesis (PSNnet) does not include the calculation of growth respiration and maintenance respiration items associated with live wood when compared with NPP [27] . Therefore, this study aims to establish a reliable GPP/NPP algorithm to estimate daily GPP and NPP by integrating remote sensing techniques and eco-physiological process theories, which is designed as part of the Multi-source data Synergized Quantitative (MuSyQ) Remote Sensing Production System. We also consider the availability and practical utility of relatively high resolution data in the establishment of the MuSyQ-NPP algorithm. The objectives of this study are (i) to exploit multi-source and multi-scale data to estimate daily GPP and NPP with relatively high resolution (300 m spatial resolution for a 10-day period); and (ii) to test our model in Heihe River Basin, China and to derive growing season GPP and NPP of 2012. The findings of this study serve to the establishment of an appropriate model for calculating GPP and NPP at regional and global scales with relatively high spatial and temporal resolution and a better understanding of GPP and NPP in an arid area of Heihe River Basin.
Study Area and Materials

Overview of the Study area
Heihe River Basin is located in a typical arid and semi-arid region of northwest of China (37°4 1 0 N~42°42 0 N and 96°42 0 E~102°00 0 E) (Fig 1) . The total basin area is approximately 128900 km 2 with a mainstream length of 821 km [35] . Topography of this area varies significantly from south to north with an average altitude over 1200 m [36] . Generally, three sections with different natural, ecological and climate characteristics were divided in Heihe River Basin, including the upstream, midstream and downstream [37] . Among which, the upstream is characterized by the mountainous terrains from Qilian Mountains to Yingluoxia Canyon covered by alpine meadow, the midstream, from Yingluoxia Canyon to Zhengyixia Canyon, is characterized by oases with irrigated agriculture, and the downstream is mainly covered by Gobi desert with reduced runoffs [38] . According to previous published literature, average annual air temperature is -3.1-3.6°C in the upstream region, 7-8.2°C in the midstream region, and 8-10°C in the downstream region, average annual precipitation is 350-450 mm, 80-120 mm and 40-60 mm in the upstream, midstream and downstream regions, respectively [39] .
Data and data processing
Remotely sensed data. Remotely sensed FPAR and LAI data derived from HJ-1/CCD images by Fan et al. [40] and Liao et al. [41] , with a spatial resolution of 30 m and a temporal resolution of 1 month, covering May to October, 2012, were used in this study. These two remotely sensed products were considered of good quality after evaluated with field measurements [40, 41] . Land cover categories data with a resolution of 30 m, acquired with HJ-1/CCD images [42] were also used in our research. The land cover categories data was also considered reliable after manually checked by using very high spatial resolution remotely sensed data and time series HJ-1/CCD data [42] . All these three types of data came from the Heihe Watershed Allied Telemetry Experimental Research (HiWATER) (http://westdc.westgis.ac.cn/data) and were openly accessible.
To generate GPP and NPP at 300 m spatial resolution, remotely sensed FPAR, LAI and land cover categories data with 30 m spatial resolution were all spatially aggregated to 300 m resolution. It should be noted that different aggregating strategies were performed to these three types of data: For FPAR and LAI data, the averaged value in each 300 m × 300 m area was used in the aggregating approach, and for land cover categories, we applied an aggregating method based on maximum area rule.
DEM data. DEM data used in this study came from the United States Geological Survey (USGS) HYDRO1k data sets (https://lta.cr.usgs.gov/HYDRO1K). HYDRO1k is developed at the USGS Earth Resources Observation and Science (EROS) Center. It provides hydrologically correct DEM along with ancillary data sets at a resolution of 1 km. In this study, we used the 1 km DEM to generate 300 m DEM using bilinear interpolation algorithm.
Meteorological data. Meteorological data were derived from Global Land Data Assimilation System (GLDAS) products (http://ldas.gsfc.nasa.gov/gldas/GLDASgoals.php). GLDAS generates land surface states and fluxes data using advanced land surface model and data assimilation techniques with both satellite and ground based observational data [43] . It provides a set of 1.0 degree and a set of 0.25 degree products, covering 1979 to present and 2000 to present, respectively. Temporal resolution for GLDAS products is 3-hourly. Monthly products are also available by temporal averaging of the 3-hourly products. We used five GLDAS-provided parameters in our study, including the 0.25 degree 3-hourly near surface air temperature, near surface specific humidity, surface incident shortwave radiation, net shortwave radiation, and net longwave radiation.
GLDAS data covering the growing season between April 30th and October 26th, 2012 (Day of the Year: DOY 121 and 300, respectively) were used in this study. The 10-day averaged daily radiation items (surface incident shortwave radiation, net shortwave radiation, and net longwave radiation) (W m -2 ) were obtained by calculating their mean values in a 10-day period.
Daily surface incident shortwave radiation item (J m -2 ) were obtained by multiplying the 10-day averaged daily surface incident shortwave radiation (W m -2 ) by 24 and 3600. Daily near surface air temperature and daily near surface specific humidity items, were generated by averaging the 3-hourly GLDAS data in a 10-day period.
All daily items were converted from 0.25 degree to 300 m using bilinear interpolation algorithm. It should be pointed out that we also considered the impact of altitude in the processing of temperature: sea level air temperate with 0.25 degree spatial resolution was firstly generated using near surface air temperature and DEM data of 0.25 degree under the assumption that temperature lapse rate is 6.5°C km -1 [44] . The 300 m near surface air temperature was then obtained using interpolated sea level air temperature and DEM of 300 m. Daily photosynthetically active radiation (PAR) for a 10-day period used in this study were calculated by multiplying daily surface incident shortwave radiation by 0.5 [45] .
Forest biomass. Forest biomass with 1 km spatial resolution came from the forest carbon density distribution data of 1998-2003, which was acquired from the Chinese Data Sharing Infrastructure of Earth System Science (http://www.geodata.cn) [46] .
Bilinear interpolation algorithm was performed to convert forest biomass data from 1 km to 300 m. During this procedure, invalid values were replaced by biome-specific averaged biomass values generated from the forest carbon density distribution data by referring to the land cover categories data.
Ground-based field data. Ground-based field data used in this study were derived from the MUlti-Scale Observation EXperiment on Evapotranspiration over heterogeneous land surfaces 2012 of the Heihe Watershed Allied Telemetry Experiment Research (HiWATER-MU-SOEXE). HiWATER-MUSOEXE encompasses two nested matrices in the midstream area of Heihe River Basin: a core experimental area consists seventeen sampling plots distributed according to landscape situations, agricultural structures and irrigation status in a 5.5 km × 5.5 km region, and a large experimental area consists one superstation and four ordinary sites in a 30 km × 30 km region [47, 48, 49] . In our study, twenty field observation sites, including fourteen croplands (mainly maize), one orchard, one vegetable field, one desert, one desert steppe, one Gobi, and one wetland, were used to evaluate the retrieved GPP. All the observation sites were distributed in the midstream region of Heihe River Basin (Fig 2) . Half-hourly data of CO 2 flux and associated meteorological variables were obtained. Gap-filling and flux-partitioning were processed using the Edire software package (http://www.geos.ed.ac.uk/abs/research/ micromet/EdiRe). By considering data availability, GPP between June 9th and September 16th, 2012 (DOY 161 and 260, respectively) were obtained by partitioning the observed net flux into GPP and ecosystem respiration according to Coops et al. [50] , Wang et al. [51] , and Zhang et al. [52] .
No specific permissions were required in the field measurements in this study. The sampling sites did not include endangered or protected species.
Methodology
GPP estimation
Due to its efficiency in characterizing consistent ecosystem processes across various vegetation types, LUE model was used to derive GPP in the MuSyQ NPP algorithm. LUE model is built upon two fundamental assumptions: one is that GPP is directly related to APAR through LUE, where LUE is defined as the amount of carbon produced per unit of APAR; the other is that actual LUE may be reduced below its potential value by environmental stresses such as low temperatures or water shortages [53] . Thus, daily GPP can be described as:
where APAR is the absorbed photosynthetically active radiation (MJ m -2 ) per day, which can be obtained from daily PAR (MJ m -2 ) and FPAR, ε is the LUE (gC MJ -1 ).
To calculate daily GPP for a 10-day period, model inputs were all converted to a 10-day averaged daily scale with 300 m spatial resolution using methods described above. As LAI and FPAR data used in this study were obtained at monthly scale, we assumed these two parameters remain constant within each month. Therefore, monthly LAI and FPAR data were used to represent daily conditions for each month this time.
Estimation of LUE. As actual LUE may be reduced below its potential value by environmental stresses, the quantification of LUE can be described as:
where ε max is the biome-specific potential LUE (gC MJ -1 ), f 1 (T) and f 2 (β) represents the downregulation effects of temperature and water conditions on ε max , respectively. To quantify LUE, we firstly established a biome-specific potential ε max Look-Up Table ( LUT) by referring to land cover categories according to the Biome Properties Look-Up Table ( BPLUT) of MODIS GPP/NPP algorithm [27] . Since MODIS GPP/NPP algorithm deploys a unique potential ε max value for crops without distinguishing C3 and C4 species, we used a potential ε max value of 1.30 gC MJ -1 for C3 crops and a potential ε max value of 1.70 gC MJ -1 for C4 crops, respectively, in the MuSyQ-NPP algorithm [54] . The temperature-and water-limited effect on ε max were generated according to the theory of CASA model [14] .
As described in CASA model, effects of temperature stress f 1 (T) can be divided into two terms, T ε1 and T ε2 :
where T ε1 represents the depress of ε when temperature is above or below the optimum temperature, and T ε2 reflects the phenomenon that the efficiency of light utilization would be depressed when plants growing at temperatures displace from their optimum temperature [14] . These two items are defined as follows:
where T opt represents the optimum temperature, which is defined as the mean air temperature in the month when LAI reaches its maximum for the year. For our study area, LAI was found reaching its maximum at August after conducting a seasonal comparison among MODIS LAI products. Thus, the mean air temperature of August was considered as T opt . For Heihe River Basin, T opt ranges from 21.8 to 26.7°C. The limited effect of water conditions on plant photosynthesis f 2 (β), ranging between 0.5 and 1, is derived following the algorithm:
where E and E p represents actual and potential evapotranspiration, respectively. Consequently, accurate estimates of GPP will depend strongly on the accuracy of the estimated evapotranspiration.
Former studies suggested that Penman-Monteith (P-M) equation is a biophysically sound and robust framework for estimating daily evapotranspiration at regional and global scales using remotely sensed data [55, 56] . In the MuSyQ-NPP algorithm, we used a modified P-M approach with biome-specific canopy conductance to estimate daily actual evapotranspiration [57, 58] . Evapotranspiration can be partitioned into soil evaporation and canopy transpiration by partitioning available energy A using vegetation cover fraction F c . Available energy components for canopy (A canopy ) and soil (A soil ) surface were generated using:
where A is approximated as net radiation R n consisting both net shortwave radiation and net longwave radiation as soil heat flux is nearly zero in daily scale. To reduce numbers of inputs and to simplify the procedure and algorithm, we used FPAR as a surrogate of F c in our model to allocate A to the canopy and soil by referring to Los et al. [59] and Mu et al. [60] .
The P-M equation is used to generate vegetation transpiration as:
where λE canopy (W m in our model by referring to Zhang et al. [61] . The canopy conductance, g c, is influenced by g sx (maximum stomatal conductance of leaves at the top of canopy), LAI, absorbed shortwave radiation, and VPD, which can be described as:
where K Q is the extinction coefficient for photosynthetically active radiation, Q h is the photosynthetically active radiation at the top of canopy, Q 50 and D 50 are the values of absorbed photosynthetically active radiation and water vapor deficit when stomatal conductance is half its maximum value, respectively. Values of g sx was considered as biome specific and assigned to 0.0047, 0.0028, 0.0032 and 0.0032 m s -1 for forests, shrubs, grassland and crops, respectively.
K Q , Q 50 , and D 50 were assigned to 0.6, 2.6 MJ m -2 d -1 and 800 Pa, respectively [61] .
Soil evaporation is calculated using a soil evaporation equation described in Zhang et al. [58] and Mu et al. [60] , which is described as:
where λE soil (W m 2 ) is the latent heat flux of soil, RH is the relative humidity of air with values ranging from 0 to 1, k (Pa) is a parameter to fit the complementary relationship and is empirically adjusted for different vegetation types, and g totc (m s -1 ) is the corrected value of total aerodynamic conductance as described by Zhang et al. [56] .
Potential evapotranspiration, E p , is calculated using the Priestley and Taylor (P-T) equation [62] by considering data availability:
where the P-T coefficient φ was set to 1.26 following Priestley and Taylor [62] .
Autotrophic respiration estimation
Autotrophic respiration (R a ) can be separated into maintenance respiration (R m ) and growth respiration (R g ), the former represents the energy required to maintain biomass, and the latter represents the energy that converting assimilates into new structural plant constituents:
where i represents a plant component, i = 1, 2, 3, namely, leaves, stems, and roots, respectively. ) is maintenance respiration coefficient for component i, Q 10,i is the temperature sensitivity factor, T (°C) is the daily average temperature and T b (°C) is the base temperature. For the presented MuSyQ-NPP algorithm, values of maintenance respiration coefficient r m,i , and temperature sensitivity factor Q 10,i were treated as biome-dependent and determined by referring to the BPLUT of MODIS GPP/NPP algorithm [27] .
To model maintenance respiration, non-forest and forest lands are treated separately. Maintenance respiration for non-forest lands is generated with LAI and specific leaf area (SLA) using:
where SLA was obtained from the BPLUT of MODIS GPP/NPP algorithm [27] in our model.
Maintenance respiration for forest lands are obtained by calculating maintenance respiration of leaf, stem, and root, separately. All of these three items depend strongly on leaf, stem, and root mass, respectively. Among which, leaf mass is estimated from LAI and SLA as:
Stem and root mass are generated using:
where y, an ecophysiological biome-specific constant, is obtained from the BEPS model [23] , represents the ratio of root to stem mass. The leaf, stem, fine root and coarse root respiration items were calculated separately by referring to the BEPS model [23] in our model.
Growth respiration is considered to be independent to temperature and is proportional to GPP:
where γ is the growth respiration coefficient and defined as 0.25.
NPP estimation
NPP represents the net flow of carbon from the atmosphere to plants, and defines as a balance between GPP and autotrophic respiration. Thus, NPP can be expressed as:
Model Evaluation
To assess the performance of MuSyQ-NPP algorithm, three approaches were applied: to compare directly with the ground-based GPP, to compare with the MODIS GPP product (MOD17A2H) and to compare with NPP values reported in recent literature for the same study area or similar biomes. The statistical indexes of correlation coefficient (R) and overall Root Mean Square Error (RMSE) were used to quantify the modelling GPP results.
Results
Modelling GPP and NPP
The maps of growing season GPP and NPP reveal clear spatial and temporal patterns in their distribution over Heihe River Basin. As shown in Fig 3 and Fig 4 , both GPP and NPP are relatively high in the southern part of mountainous areas in the upstream, oasis areas in the midstream, and riparian areas adjacent to the water body in the downstream. Among which, the oasis areas in the midstream covered with crops occupy the highest values of GPP and NPP, followed by the mountainous areas in the upstream covered with grasses. The downstream regions covered with deserts and Gobi demonstrate the lowest production values. Temporal dynamic patterns of GPP and NPP reveal both of these datasets increase over time initially and decreases after reaching their maximum on July and August. The spatial and temporal patterns of GPP and NPP corresponds to the vegetation growth characteristics in Heihe River Basin. Among the twenty field measurement sites, we chose seventeen sites covered mainly by vegetation to analyze the temporal dynamic patterns of GPP during the growing season of 2012, which included fourteen croplands, one orchard, one vegetable field and one wetland. Both modelled and observed GPP were obtained. It should be pointed out that we used the mean values in a 3 pixels × 3 pixels window around each sampling site as modelled results to decrease the co-registration errors between image and sampling sites in this study. As shown in Fig 5 , both modelled and observed GPP for croplands, orchard and vegetable field increase initially and then decrease after reaching their maximum around July (DOY 181-201). During this period, mountain snow in the southern part of our study region melt as temperature increases, which creates a better water supply. Additionally, the increased temperature, precipitation and solar influx in summer can also lead to higher GPP and NPP values. After August, both temperature and precipitation decrease over time. As environmental conditions getting worse for vegetation growing, GPP and NPP decreases subsequently. Fig 5 also indicates that the modelled GPP have more dramatically increase and decrease patterns than the observed ones, such as the significant differences between DOY 171-180 and DOY 181-190, DOY 201-210 and DOY 211-220, DOY 231-240 and DOY 241-250, which may be attributed to the monthly scaled LAI and FPAR data used in our model. Besides the mismatch between the monthly inputs and daily outputs, the significant differences between the modelled and observed GPP for orchard and vegetable field can also be attributed to their spatial distributions. Compared with croplands and wetland, both these two land cover categories occupy relatively small areas around the EC sites in our study region. Although ground surfaces at the EC sites and around them are relatively homogeneous, land cover categories demonstrate significant variability within large areas like 900 m × 900 m (3 pixels × 3 pixels) especially for orchard and vegetable field with small areas (Fig 6) . and urban areas occupy significant proportions within the 900 m × 900 m regions around both the orchard and vegetable field sites. The significant variability of land cover categories will lead to some uncertainties and result in significant differences between the modelled and observed results.
We also generated GPP and NPP over the whole growing season. As shows in Fig 7, the growing season GPP and NPP are significantly high in the areas covered by croplands (mainly maize). Due to the fact that maize (C4 crop) occupies a significantly higher potential LUE [33, 54] , we consider the derived higher GPP and NPP over croplands are partly attributed to the higher potential LUE used in the model. In addition, although precipitation is the major limiting factor for vegetation growth in arid areas, croplands are influenced by irrigation during the growing period. Thus, compared with other land cover categories, croplands occupy a better water supply, water stress of these areas would be much smaller and conditions for vegetation growth would be much better, which will definitely lead to higher GPP and NPP values.
In general, there is a distinct gradient in the distribution of GPP and NPP along the upstream, midstream, and downstream of Heihe River Basin from south to north during the growing period. for NPP. This pattern is driven primarily by both temperature and water conditions presented in Heihe River Basin: The upstream region is characterized by mountainous terrains with average annual temperature of -3.1 to 3.6°C [39] . Although this area occupies relatively large amount of precipitations (350-450 mm annually), relatively low temperature of these areas inhibits the growth of vegetation. In midstream regions, average annual temperature is 7 to 8.2°C [39] , which is significantly higher than that of the upstream region. Additionally, irrigations for artificial fields during growing season can provide a better water supply conditions together with precipitations [64] . For downstream areas, average annual precipitation is only 40 to 60 mm and average yearly potential evaporation rate reaches 2300 to 3700 mm [65] , which lead to a significantly water stress condition and lower production values for GPP and NPP.
Evaluation of the modelling results
Preliminary validation were performed to GPP rather than NPP due to lack of available field measurements of biomass in Heihe River Basin during our study period. In this study, we directly compared the modelled GPP with ground-based GPP derived from the twenty EC sites. We also adopted the MODIS GPP product (MOD17A2H) to assess our model performance. As MOD17A2H generates 8-day averaged GPP while our model produces 10-day averaged GPP, the MODIS GPP product was also compared to ground-based GPP this time.
To decrease the co-registration errors between image and sampling sites, mean values in a 3 pixels × 3 pixels window around each sampling site were extracted as modelled results. Scatter plot between the modelled and ground-based GPP together with scatter plot between the MODIS GPP product and ground-based GPP are presented in Fig 8. As Fig 8 illustrates, an RMSE of 2.973 gC m -2 d -1 and an R of 0.842 can be yield between our modelled GPP and the ground-based measurements. Although a strong relationship exists between these two datasets, some individual pixels show relatively high scattering in the plot. The reason for the scattering can be attributed to several reasons. The most primary one is that we assumed LAI and FPAR hold constant within each month in our study, which may result in a mismatch between the monthly inputs and daily outputs. In addition, we directly compared the modelled GPP with ground measurements in this study, although ground surface at the EC sites and around them are relatively homogeneous for our study region, land cover categories will demonstrate significant variability within a 900 m × 900 m area. This kind of variation will definitely lead to some differences between modelled results and ground-based measurements. As for the MODIS GPP product, an RMSE of 8.010 gC m -2 d -1 and an R of 0.682 can be achieved. Scatter plot between the MODIS GPP product and ground-based GPP prove that the relationship between these two data sets deviate from the 1:1 line significantly: the former is generally lower than the latter, especially for croplands. The significant underestimation of MODIS GPP for croplands compared with our model can be attributed to the lower potential LUE used for C4 crops (mainly maize for our study area) in the MODIS GPP algorithm. As potential LUE for crops is assigned as 1.044 gC MJ -1 and shows no difference between C3 and C4 species in the MODIS GPP algorithm while C4 crops actually demonstrate a much higher potential LUE than C3 crops [54] . Additionally, the MODIS GPP algorithm utilizes the Collection 6 MODIS product for land cover type (MCD12Q1) in generating GPP. Since Collection 6 MCD12Q1 is designed at a 0.5 km grid scale, it can be difficult to obtain accurate land cover in areas with complex land surface conditions. For our study area, one cropland is misclassified as urban/built-up, which result in the incorrectly calculated GPP for the cropland. To qualitatively evaluate the modelled NPP, we compiled a number of published studies carried out in our study region or similar biomes. The methods used to estimate NPP in these previous studies range from field investigation, simple regression analysis to LUE models, and cover a number of scales from monthly to yearly. Although these studies were carried out in different years, we assumed these results can qualitatively assess the MuSyQ-NPP results this time. 
Discussion
With a focus on data that are openly accessible, we tested the presented MuSyQ-NPP algorithm for modelling daily GPP and NPP with 300 m spatial resolution for a 10-day period using multi-source and multi-scale data. MuSyQ-NPP algorithm adopted the theories of CASA model and MODIS GPP/NPP algorithm, we also considered the inherent limitations of these two approaches. The study would play an important role in the establishment of an appropriate model for calculating GPP and NPP at regional and global scale with relatively high spatial and temporal resolution. One of the most important advantages of the presented MuSyQ-NPP algorithm is the improvements in model formulation and model inputs when compared with the widely used CASA model and MODIS GPP/NPP algorithm. CASA model adopts a biome-independent potential LUE of 0.389 gC MJ -1 and calculates NPP using the LUE theory, which is inadequate in characterizing the biological efficiency associated with biome types and the respiration property influenced by individual size. Compared with CASA model, MODIS GPP/NPP algorithm exploits a biome-specific potential LUE and calculates GPP and respiration items separately, which may address some aforementioned limitations of CASA. However, MODIS GPP/NPP algorithm deploys a potential LUE of 1.044 gC MJ -1 for crops without distinguishing C3 and C4 species while C4 crops generally demonstrate a much higher potential LUE than C3 crops. As for the MuSyQ-NPP algorithm, a potential LUE of 1.30 gC MJ -1 for C3 crops and a potential LUE value of 1.70 gC MJ -1 for C4 crops were used [54] , which has improved the estimated GPP significantly when compared with the MODIS GPP product. It also should be noted that daily MODIS PSNnet does not include the calculation of growth respiration and maintenance respiration items associated with live wood when compared with NPP while the MuSyQ-NPP algorithm can provide the calculation for daily NPP, which would play an important role in the time series analysis of NPP. Another advantage of the MuSyQ-NPP algorithm is the exclusive use of multi-source and multi-scale data that are openly accessible. MODIS GPP/NPP algorithm adopts the Collection 6 MODIS products for LAI/FPAR and land cover type with spatial resolution of 0.5 km, it also deploys hourly meteorological data provided by the GMAO which are distributed at a resolution of 0.5°by 0.67°. Compared with the MODIS GPP/NPP algorithm, we occupied a series of remotely sensed and meteorological data with higher spatial resolutions in the MuSyQ-NPP algorithm. Among these data, remotely sensed data, such as LAI, FPAR, and land cover categories, are all designed at a 30 m spatial resolution, GLDAS based meteorological data are distributed at a spatial resolution of 0.25 degree. However, it should be noted that lower spatial resolution data including GLDAS-based meteorological data, DEM and forest biomass were all converted to higher spatial resolution using simple spatial interpolation algorithms. Both the quality of these input data and the interpolating methods will affect our estimated results, especially for the forest biomass data obtained from 1998 to 2003, which is quite different from our study period. The temporal mismatch between the forest biomass data used and our study period will introduce significant uncertainties. Additional studies should focus on the collection and adoption of data at more proper spatial and temporal resolution, such as the openly accessed NASA Shuttle Radar Topographic Mission (SRTM) 90m DEM data, which would significantly improve modelling results. The LAI and FPAR data used in this study have a temporal resolution of 1 month, which may be insufficient in characterizing their variations over monthly scale when used in generating daily GPP and NPP. To evaluate the impacts of monthly scaled inputs, we tested the MuSyQ-NPP algorithm based on simulated daily LAI and FPAR. Since daily LAI and FPAR were not available for our study area during the study period, in this study, daily LAI and FPAR were generated by performing linear interpolation algorithm to the monthly scaled data. We then calculated daily GPP based on the daily inputs (including daily LAI, FPAR and meteorological data). To compare with the previously generated 10-day averaged GPP, the simulated data were also plotted in a 10-day scale. As shown in Fig 9, the Estimating GPP and NPP modelled GPP varied more continuous when used daily inputs. Additionally, the temporal dynamic patterns of modelled GPP were found to be better corresponded with the groundbased ones. We also noticed the modelled and observed GPP for orchard and vegetable field still demonstrated significant differences, which can be attributed to the spatial variability around these two EC sites. Fig 9 indicated that using LAI and FPAR at a more proper scale would help to address some model uncertainties caused by monthly inputs.
For our study, GPP was evaluated under an assumption that spatial heterogeneous characteristic near the EC sites could be neglected. Although ground surface at the EC sites and around them was relatively homogeneous for our study region, mismatches between modelled results and ground-based measurements should not be neglected. To tackle this drawback, footprint models together with scaling transfer functions can be deployed to improve our validation procedure in our future researches. Due to lack of field measurements, our validation was mainly performed to GPP this time, the modelled NPP were compared with results reported in other literatures in our study. It should be pointed that these two data sets may not obtained at the same time and locations. Additionally, all ground-based field data were collected in the midstream region of Heihe River Basin covered mainly by croplands in this study. As Heihe River Basin occupies different natural, ecological and climate characteristics in the upstream, midstream and downstream regions with various land cover categories, to characterize the spatial and temporal patterns of GPP and NPP in Heihe River Basin, further validation is still needed in assessing the accuracy of the MuSyQ-NPP algorithm.
Conclusions
This study put forward the MuSyQ-NPP algorithm driven by remotely sensed data and meteorological data with spatial resolutions varying from 30 m to 0.25 degree and temporal resolutions ranging from 3 hours to 1 month to generate daily GPP and NPP for a 10-day period. The algorithm integrates remote sensing techniques and eco-physiological process theories. After validated against ground-based measurements and MODIS GPP in Heihe River Basin, we found the presented MuSyQ-NPP algorithm performed well in estimating GPP despite constant LAI and FPAR values within a month period were used. Additionally, the comparison with data derived from recent literature on NPP in Heihe River Basin or similar vegetation types also proofed the reliability of our model. This study showed that both GPP and NPP vary significantly along the upstream, midstream, and downstream of Heihe River Basin from south to north during the growing period. The upstream regions occupy relatively low production, the midstream areas demonstrate the highest production, and the downstream regions show the lowest production. The mainly reasons for this kind of gradient distribution are attributed to temperature and water conditions of Heihe River Basin: the upstream undertakes a relatively low temperature which inhibits the growth of vegetation, the downstream suffers a significantly water stress condition, and the midstream occupies the best environmental and artificial management conditions for vegetation growth. During the growing period of 2012, GPP and NPP increase over time initially and decrease after reach their maximum around July. This is mainly driven by the seasonal variation of temperature, precipitation and solar influx conditions in the Heihe River Basin.
